Abstract-Automatically monitoring and quantifying stressinduced thermal dynamic information in real-world settings is an extremely important but challenging problem. In this paper, we explore whether we can use mobile thermal imaging to measure the rich physiological cues of mental stress that can be deduced from a person's nose temperature. To answer this question we build i) a framework for monitoring nasal thermal variable patterns continuously and ii) a novel set of thermal variability metrics to capture a richness of the dynamic information. We evaluated our approach in a series of studies including laboratory-based psychosocial stress-induction tasks and real-world factory settings. We demonstrate our approach has the potential for assessing stress responses beyond controlled laboratory settings.
INTRODUCTION
As humans are homeothermic, our internal temperature is strongly linked to numerous physiological and psychological mechanisms. Given this, human thermal patterns have been widely explored as a way to improve the understanding of our bodies and minds. Amongst temperature monitoring channels, thermal imaging has been shown to be highly effective. In medical applications, for example, it has been used to detect pathological symptoms and disorders in a contactless manner [1] - [3] . Recent advances in commercial thermal imaging technologies have made it possible to use this approach in human computer interaction (HCI) beyond the highly constrained situation of a medical environment [4] , [5] . In particular, it has been used to investigate physiological thermal signatures for assessing a person's psychological states, in particular, affective states [6] - [12] .
Among the different physiological activities, vasoconstriction and vasodilation patterns underneath a person's skin can be captured through thermal imaging. Such patterns cause increases or decreases in blood flow, contributing to skin temperature changes. Such physiological activities are influenced not only by ambient temperatures (e.g. local cooling or warming) [13] , but also by mental stress [14] . Hence, studies have attempted to capture stress or mental workload-induced thermal directional changes, particularly from facial regions of interest (ROIs), while controlling environmental temperature [7] - [9] , [15] , [16] . Amongst other facial areas, the nose tip has been shown to be the only consistently reported region where we can monitor significant decreases in its temperature under stress conditions, indicating that the nasal thermal drop could be a stress indicator.
Despite this promising finding and a range of low-cost, small thermal cameras, which are already available in the market, these observations have not caught much attention in real-world applications. This is mainly because the majority of thermal imaging-based studies have drawn upon visual inspections (e.g. manually selecting a pair of thermal images where a person's nose is situated in the same position to compare nose temperature) and also imposed motion constraints (e.g. using a chinrest), which is highly cumbersome [8] , [9] , [11] . To address these restrictions, [16] used a traditional ROI tracking algorithm; however, participants were still required to keep their head. This inflexibility is one of the main challenges for real-world applications and contributes to keeping thermal imaging from being used in unconstrained, mobile settings.
The use of advanced ROI tracking methods built for mobile thermal imaging in unconstrained situations, such as Thermal Gradient Flow [5] , can help to address this challenge as it was preliminary explored for very short period of time in [6] . However, the nose tip area is an area which is difficult to track on thermal images. For instance, Fig. 1 shows examples of thermal images of a person's face collected from an office and the nose tip area as a ROI. The shape of the local facial skin region is often blurred. This does not provide a sufficient number of key facial features which are generally required for ROI tracking [5] . This is due to the homoeothermic metabolism and relatively low thermal conductivity of a person's skin (here, the nose tip) which results in a very narrow range of temperature distributions across the nose tip. Also, the thermal patterns on the nose tip are not consistent during the course of time -they are highly variable in comparison with other facial temperatures [9] . This leads to our first research question: how can we continuously monitor thermal variable patterns of the nose tip in unconstrained settings?
A second challenge is how to enrich the quality of information derived from affect-induced skin temperature changes. In the literature, temperature difference or slope between two time points on a facial ROI (positive or negative direction and its amplitude in temperature change, e.g. average of -0.56°C from the nasal ROI after being exposed to stressors in [7] ) has been used as the dominant metric. However, a person's skin temperature could be influenced by many factors. These include: different physiological phenomenon (e.g. nose temperature can be affected by not only vasoconstriction/dilation but also breathing [6] ), other types of affective states (e.g. nasal temperature drop under fear conditions [10] ), context (e.g. social contact increases nasal temperature [17] ) and environmental temperature [6] . All of these have the potential to induce temperature variability rather than just a consistent drop in temperature (ie. a simple directionality change). Hence, using temperature difference as a single metric in unconstrained setting could be too sensitive to other factors beyond stress-induced physiological reactions. Indeed, incongruent results have been reported by studies where the metric was mainly used for monitoring affect-induced temperature changes on facial areas (beyond the nose); for example, Engert et al. [8] reported a significant drop in chin temperature whereas Veltman and Vos [9] did not. As for the nose, the consistent findings support the fact that mental stressors can cause decreases in its temperature [7] - [9] , [15] , [16] ; however, this thermal directional information itself is still hardly useful in quantifying the amount of stress and as not been tested in unconstrained settings. This suggests that there is a need to explore and build a richer set of metrics to compensate for the limited capability of a single metric, which is likely to lose important physiological information of one's mental stress. This leads to a follow-up research question: can we build a rich set of metrics to quantify variations in skin temperature?
In the next section, we propose computational methods to address the challenges mentioned above. We first introduce a strategy to track nose temperature continuously. Following this, we propose a set of metrics to capture richer information from the temperature. These new metrics aim to help capture thermal variability rather than only the thermal directionality on which the existing metric is based [7] - [10] , [15] , [16] .
II.
PROPOSED METHOD Fig. 2 illustrates the pipeline of the proposed method which contains two parts: i) continuous monitoring of nasal variable temperature patterns, ii) extraction of thermal variability metrics.
A. Continuous Monitoring of Nasal Thermal Variability
Using a thermal camera, an image of a user's face (including the nose) is captured and the nose must be extracted. However, given the blurred and inconsistent shape of the nose tip (skin) on a thermal image in Fig. 1 , the conversion of a thermal image to a thermal-gradient map (proposed in [5] ) is also less likely to help obtain strong feature points from the area, as shown in Fig. 3 -right (there is no facial feature inside the small ROI generally used for tracking the nose tip). Given this, we propose to instead select a larger ROI including the nose tip where a more distinct graphical shape of the nose can be obtained for the tracking as visualized in Fig.3 -right. The selection of a larger ROI has the advantage that it can be tracked by advanced thermal ROI tracking algorithms. In this paper, we used Thermal Gradient Flow [5] (given its high performance) to continuously track the area and estimate the nose tip temperature. Accordingly, our first study aims to investigate if the use of a larger ROI size (compared to small ROI size) affects the temperature measurements of the nose tip.
Following [7] , [8] , [16] , we compute the spatial average of temperatures in the ROI from every single frame to obtain a one-dimensional time series of thermal data (Fig. 2) . Even if a ROI tracking method achieves high performance in tracking, temporary errors (i.e. tracking failure for a couple of frames) are likely to occur due to the presence of blurred images to which the low-resolution, low-cost thermal imaging are prone to producing (e.g. lens-inducing errors, calibration errors produced by a thermal camera [5] ). Hence, the next step is to remove such outliers related to temporary tracking errors as shown in Fig.2 -middle. This can be done by excluding values beyond a range computed from Tukey's hinge (g=1.5) [18] , which has been widely used in outlier rejection. The range can be computed as (1) where Q1 and Q3 are the first and the third quartiles from temperature distribution and g is the Tukey's constant. To compute the range and remove the outliers, we use a sliding window. In the following studies, we set the length of this window to one third of the total length of each thermal data with the minimum length of 30s. 
B. Thermal Variability Metrics
Studies have shown that nose tip temperature can be affected by not only vasoconstriction-related cardiovascular responses but also respiratory activities [6] , [9] . Based on this, we take two types of thermal variable signals from the tracked signal as illustrated in Fig. 2 -right: nonfiltered signal (affected by both activities) and low-pass filtered signal for taking relatively slow vasoconstriction/dilation responses (cut-off frequency of 0.08Hz lower than the lower boundary of the expected respiratory range in healthy people [6] ).
From both signals, we extract a possible set of metrics that can help capture stress-induced nasal thermal variability including directional information. Here, we present four basic forms of metrics to represent both thermal variability and directionality. The first metric is derived from the existing, widely used metric, temperature difference [7] , [10] , [11] , [15] , [16] : The second metric is a slope to capture a global thermal directional trend calculated by a linear polynomial fitting (used in [8] , [9] ):
STV Slope of Thermal Variable signal (from linear polynomial fitting)
Inspired by HRV (Heart Rate Variability) metrics [19] , two further basic metrics are used to capture physiological thermal variability: We apply the four metrics to both nonfiltered and lowpass filtered signals. As in [6] , [20] , normalization (min-max feature scaling-based) for each person is considered in this work to further use signals where interpersonal physiological differences are minimized. This leads to a set of sixteen metrics as summarized in Table I , in turn helping take into consideration different perspectives of thermal variability beyond thermal directionality still being the one mainly explored in the literature. The proposed set of metrics are investigated in our second study where psychosocial stressinduction tasks are conducted. Finally, these metrics and the suitability of the media are analyzed in a small third study on a manufacturing shopfloor in a real-life work setting.
III. DATA COLLECTION STUDIES
The main aim of the data collection studies is two-fold: i) to systematically evaluate the use of a large ROI (versus small) to measure the nose temperatures on thermal videos collected in carefully controlled situations and ii) to verify the capability of the proposed metrics in quantifying mental stress in less constrained settings using stress induction sedentary tasks. Studies were approved by the local University Ethics committee. Prior to data acquisition for each study, participants were given the information sheet and informed consent form. Fig. 4 shows the experimental setup for the data collection (the image was taken by a thermal camera). The aim was to systematically compare both nonfiltered and filtered thermal variable signals produced from the selection of a large ROI with reference signals from a small ROI containing the nose tip only. We also aimed to investigate the effect of breathing on measurements of nasal temperature through the both ROIs. Hence, participants' mobility had to be carefully controlled to minimize effects of motion-induced noises on nasal temperature measurements even though the automated tracker was still used in the proposed method (the pipeline in Fig. 2 ). Following [9] , we used a chin rest on which each participant relaxed in order to maintain the position of her/his nose to remain as still as possible.
A. Study I: ROI Coverage and Nasal Temperature (N=10)
10 healthy adults (aged 22-50years, 4 females) participated in this study that took place in a quiet lab room with no distractions (and no room temperature control). Thermal image sequences were recorded using a low-cost thermal camera (FLIR One 2G) integrated into a smartphone which was placed in front of each participant (circa 50cm).
B. Study II: Stress Induction Task using Mathematical Serial Subtraction (N=12)
In this study, we used the mathematical serial subtraction task (denoted as Math) [21] to induce mental stress for the stress induction. We invited 12 healthy adults (6 females) (aged 18-60 years) from the subject pool service of University College London. Ambient temperature and participants' movements were not controlled.
This task was divided into a resting period, experimental (Math Hard) and control (Math Easy) sessions as illustrated Fig. 4 . Experimental setup (the image was taken by a thermal camera) for the data collection for Study I: a chin rest was used to maintain the position of the nose of each participant still. The small ROI (reference) includes only the nose tip and the large ROI contains the nose tip and its surrounding area (e.g. part of the nostrils).
in Fig. 5 . Before starting the experimental and control sessions, participants were asked to rest for 5 minutes. The experimental condition required the participants to repeatedly subtract a two-digit number from a four-digit number for 5 minutes. As introduced in [6] , three external stressors were used to ensure induction of psychosocial stress -they are social evaluative threats, time pressure, unpleasant sound feedback for wrong answers. These stressors were introduced because often used in the literature to ensure stress, but also because the literature only compare control vs a stressing condition without exploring the changes in temperature between two different levels of stress. In the control session, participants were asked to countdown mentally with the aim of inducing significantly lower stress levels. Both control and experimental sessions were counterbalanced. Between the sessions, participants were asked to take a break to fully recover from previous session effects. Every participant selfreported his/her perceived stress levels on a visual analogue scale (VAS, 10cm) after each session. The thermal camera in Study I was used to collect participants' facial thermal videos.
IV. RESULTS

A. Comparison between Small and Large ROIs
From Study I with 10 participants, we collected four sets (nonfiltered and filtered signals from both small and large ROIs) of thermal variable signals of 100s. By resampling, we extracted 4000 samples (4 sets x 10 participants x 100 temperature samples from the resampled signals of 100s). The size of each chosen ROI was: i) height (M=8.6 pixels, SD=2.17), width (M=8.5 pixels, SD=2.37) for Small ROI (only on the nose tip); ii) height (16.2 pixels, SD=4.39), width (M=23.7 pixels, SD=7.82) for Large ROI (including the nose tip and its surrounding area). Fig. 6 shows an example of the four sets taken from one participant's thermal images (P2), which show decreasing nasal temperature (affected by colder room temperature). Here, we correlated each nonfiltered thermal samples from a small and a large ROI and then tested correlations between each filtered sample from both ROIs. Overall, both data from the large ROI maintained a high correlation with the data from the small ROI (r=0.999, p<0.001 for both cases).
As a wide range of temperatures from every participant could bring power in achieving high correlation coefficients, we took a look at individual data and correlated them from each pair (small and large ROIs) for every participant. From this, we obtained 10 Pearson correlation coefficients from all 10 participants (we correlated each pair of 100 samples for each participant). As shown in Fig. 7 , the results from correlations of individual data still show high levels of correlations for both the filtered and nonfiltered signals from the small and large ROIs. Filtered signals, which should be less affected by breathing artefacts, show indeed stronger correlations between both ROIs (Filtered: M=0.987, SD=0.016; Nonfiltered: M=0.926, SD=0.055).
Furthermore, we explored levels of respiratory effects on nonfiltered nasal thermal signal using the relative power SQI (pSQI) [6] : (2) where Sx is the power spectral density of signal x(k) and , are the lower and upper boundary of expected breathing rate (set to [0.1Hz, 0.85Hz] as in [6] ) and 0≤P≤1. Nonfiltered signals from both ROIs were strongly affected by respiratory cyclic events (respiratory pSQI from the small ROI: M=0.681, SD=0.058; from the large ROI: M=0.692, SD=0.127). This indicates that nasal temperature is affected by breathing regardless of the ROI size.
B. Effect of Stressors on Thermal Variability Metrics
For Study II, where we mainly aimed to investigate our proposed metrics during stress-induction tasks, we first analyzed self-reported perceived stress scores to test if the harder arithmetic task with external stressors induced significantly higher stress levels than the controlled session and resting period. Boxplots in Fig. 8 show the distributions of the self-reported scores across each session. Overall, it is clear that the stress elicitation procedure produced significantly higher levels of self-reported stress under the experimental condition (Math Hard with external stressors) than the ones from the other conditions (Rest: M=1.46, On the other hand, there was no significant effect of the session type on participants' VAS scores over the resting and easy math sessions (p=0.388), indicating other components involved in the tasks (e.g. using a mouse to answer questions) did not significantly affect stress levels.
For testing the effect of a session type on the proposed set of metrics in Table I , we gathered 576 metrics values (12 participants x 3 sessions x 16 metrics) from facial thermal videos of 12 participants. The ROI tracking for every video was successful (with no tracking failure). We tested the effect of session type on the proposed metrics using a one-way repeated measures ANOVA. Table II .234). It should be noticed that the widely used existing metrics, TD and STV from nonfiltered signals showed no significant difference across sessions (TD: p=0.255; STV: p=0.173) although they were generally negative for both Math Easy and Math Hard (i.e. temperature decreases) and positive for Rest (i.e. temperature increases). The results also confirmed normalization helped minimizing interpersonal physiological variances, in turn contributing to statistical significance (e.g. TDn and TD in Fig. 9 ).
The post-hoc paired t-test with Bonferroni correction on each metric showed that SDSTV for Math Hard with external stressors was significantly higher than both Rest (p=0.046) and Math Easy (p=0.031). SDSTV patterns had a certain level of similarity with self-reported perceived mental stress scores (see Fig. 8 and Fig. 9 SDSTV) , indicating the importance of capturing thermal variability in assessing mental stress level. TDLn showed a significant difference between Rest and Math Easy (p=0.04) but with no significant differences between other pairs, indicating that nasal temperature could decline during cognitive activity despite lower levels of perceived mental stress. Interestingly, the amount of decreases in nasal temperature during Math Hard was generally lower than Math Easy (Fig. 9 TDLn), indicating that metrics for thermal directionality may be less informative in quantifying the amount of mental stress. Other than these two, there were no significant differences for each pair as shown in Fig. 9 .
V. REAL WORLD APPLICATION
Case Study: Stress Monitoring of Human Workers in Factory Workplace
A possible application of mobile thermal imaging-based stress monitoring strategy is to use it as an assistive technology to improve the capability and wellbeing of the human workforce by tailoring work schedules or activities towards her/his psychological needs [22] . These needs are likely to be reflected by the amount of mental loading and stress that a worker experiences. For example, when the system detects the factory worker feeling very stressed whilst assembling, it can provide more detailed computer-aided assembly instructions (e.g. on a virtual reality headset).
To assess the capability and feasibility of the proposed method beyond laboratory situations, we visited a factory workplace (ROYO, Spain -furniture manufacturer) and had three skilled workers to use our monitoring system in their routinely furniture assembly tasks. To place a thermal camera near the face during the physical activity, we built a headsetshaped interface shown in Fig. 10 , which can also be used together with wearable devices, e.g. Microsoft mixed reality (MR) headset HoloLens in our case. With this setup, we collected 12 thermal videos from the workers during their normal tasks. Given written consents from the manufacturer and workers, we presented external stressors (social evaluative threats by performance observers, time pressure proposed in [6] ) during their assembly activities, resulting in producing further 12 thermal videos of the workers with higher stress levels self-reported on 10cm-VAS (Fig. 11 ). We applied our proposed method to the collected thermal recordings to compute the three metrics that showed significant differences across tasks in the previous section (SDSTV, STVn, TDLn). As shown in Fig. 11 , SDSTV values for the assembly task with external stressors (mean: 0.13, SD: 0.03) were generally higher than data collected during the normal assembly task (mean: 0.11, SD: 0.02), which is similar to the results in Study II (see Fig. 9 left). For STVn, TDLn, their values were generally negative for both sessions (nasal temperature decreased). Interestingly, as in Study II, decreases in nasal temperature were less strong for the session with external stressors than the other although stastical analysis cannot be carried out on this small set of participants.
VI. DISCUSSION AND CONCLUSION
This paper has aimed to contribute to the body of work in thermal imaging-based affective computing [6] - [10] , [23] - [26] by building methods that can continuously and reliably capture richer information of stress-induced nasal thermal variability through mobile thermal imaging.
Despite the importance of using a large ROI (the nose tip with its surrounding areas) as a surrogate of the only nose tip for automatic motion tracking in real world applications, the effect of different ROI coverages on nasal temperature measurements has not been explored in the literature [7] - [9] , [15] , [16] . From Study I, we have found strong correlations between data derived from the large and small (nose tip only) ROIs. This is highly encouraging in that it could be possible to deploy this approach to real world contexts through more robust tracking techniques. We have also confirmed that respiration influences nasal temperature regardless of the ROI size; hence, there is a need to take into account respiratory and vasoconstriction/dilation activities separately when monitoring nasal temperature.
Capturing multiple aspects of physiological variability has been shown to be important in assessing mental stress levels; for example, multiple metrics have been proposed to capture heart rate variability related to mental states [19] . However, this has not yet been explored for physiological thermal variability. Therefore, we have proposed a novel set of metrics with the aim to capture complex aspects of the physiological phenomenon beyond just the dominantly used thermal directionality. Also, our studies investigated this in the experimental settings comparing different levels of stress (control and experimental) against the baseline. Our results showed that variability-based metrics were more helpful in quantifying stress levels than the typically used directionality one. Indeed, whilst nasal temperatures generally declined when a person carried on both sedentary cognitive tasks, thermal directional cues from the two existing metrics (TD, STV in Fig. 9) were not sufficiently sensitive to mental stress levels. This was also the case for normalization (to consider physiological interpersonal variability) and normalization with low-pass filtering although we observed increases in the effect sizes (TD: ηp 2 =.117, TDn: ηp 2 =.228; TDLn: ηp 2 =.336). On the other hand, one of the metrics to capture variability of both vasoconstriction/dilation and respiration, SDSTV, was highly informative of mental stress with high levels of similarity with perceived mental stress scores ( Fig. 8 and 9 ).
Furthermore, we also observed that whilst, nasal temperatures during the more stressful sessions (Math Hard + social pressure; Assembly + social pressure) were less decreased than the less stressful ones (Math Easy; Assembly only). This could be explained by the interaction of the different types of stress (mental overload vs. social pressure). Social pressure (in our case, imposing social evaluative threats) may cause embarrassment that has been shown to lead to increase (rather than decrease) in temperature [17] . Although such thermal responses to embarrassment have been mainly studies in interpersonal touch, still these results call for developing thermal metrics that capture patterns rather than direction to take into account both the physiological phenomena but also the interaction of multiple factors if they have to be used in everyday life. All in all, the proposed set of metrics could compensate for this, highlighting the importance of capturing richer information of thermal variability so as to avoid collapsing its complex phenomena into a single metric.
Despite the above findings, there are still limitations opening up future research opportunities. First, we have used the spatial averaging method to summarize two dimensional thermal information on the nasal area. This could lead to losing important vasoconstriction/dilation induced local thermal variances [5] . Second, despite our proposed metrics helping quantify mental stress from multiple perspectives, even carefully hand-engineered metrics can hardly capture all complex aspects of signals, particularly in in-the-wild situations [6] . By addressing them, we expect that the Nose Heat approach can support a wider range of real-world applications as an affective assistive technology.
